The degree to which individuals can exert influence on propagation of information and opinion dynamics in online communities is highly dependent on their social status. Therefore, there is a high demand for identifying influential users in a community by predicting their social position in that community. Moreover, understanding how people with various social status behave, can shed light on the dynamics of interaction in social networks. In this paper, I study an evolving online social network originated from an online community for university students and I tackle the problem of forecasting users' social status, represented as their PageRank, based on frequency of recurring temporal sequences of observed behavior, i.e. behavioral motifs. I show that individuals with different values of PageRank exhibit different behavior even in early weeks since the online community's inception and it is possible to forecast future PageRank values given frequency of behavioral motifs with high accuracy.
Introduction
Nowadays, online communities are prevalent and user participation is an inseparable part of internet services and applications in variety of shapes and forms. However, understanding user behavior in online communities has proven to be a challenging task. Many research studies have investigated the methods and applications of understanding users' behavior both in online and offline spaces (Eagle and Pentland, 2009 ). Improving user experience, customized user interfaces, advertisement are a few of the applications of modelling and analysis of user behavior in online communities (Benevenuto et al., 2009) (Jin et al., 2013) . Many studies explore characterizing different classes of users based on their observed behavior. It has been shown that user behavior is indicative of user demographics (Wang et al., 2016 ) (Hu et al., 2007) (Zhong et al., 2015) , social circles (Mislove et al., 2010) , fake vs. real user accounts in online communities (Varol et al., 2017) (Chu et al., 2012) , depression (De Choudhury et al., 2013) ,performance in MOOCs (Anderson et al., 2012) , and user location (Mahmud et al., 2014) to name a few. Furthermore, understanding users behavior can provide insights on their status and position in the social networks they form (Riquelme and González-Cantergiani, 2016) (Tang and Yang, 2010) . In this paper, I study the behavior of a group of university students that are members of an evolving online communication network. I model users behavior as temporal sequences that consist of events. Events considered in the data set are joining the network and sending and receiving messages. Then, I find recurring patterns of behavior, i.e. behavioral motifs, and investigate similarity and differences between members of this online community in terms of the frequency of observed recurring behavioral motifs. I track user behavior and social position, calculated as PageRank, through time and forecast users' social position given cumulative information on user behavior in different weeks since the network inception. It is shown that an individual's social position in the network can be forecasted with relatively high accuracy given behavioral information which sug-gest high degree of correlation between behavior and future social position. Thus, I investigate the following research question: Can temporal behavioral sequence of an individual predict or forecast their social position in an online community? which is a operationalization of the following motivating research question: Do people with different levels of social position in a community distinguish themselves in terms of their behavioral attributes? Note that the focus here is to underline the value of analyzing temporal sequences of user behavior rather than measuring how active one is an online community. In fact, I will show that while magnitude of activity has correlation with social position, investigating behavior in a fine grained matter can give us more information on social position, measured in terms of prediction accuracy of PageRank values. To the best of my knowledge, no previous work has explored the possibility of forecasting future social positions measured by PageRank of members of an online community based on observations of fine grained sequences of behavior in terms of frequent behavioral motifs.
Related Work
This work sits in the intersection of sequence analysis, user behavior, network evolution, and user influence and centrality. While this brief literature review can't do justice to all these research fields, I highlight the most relevant work to my research.
User Behavior
Traditional studies of user behavior in online social communities has largely employed two approaches: Some research studies aggregate sequence logs and create snapshots of the network and investigate various phenomena by using the aggregated information. Other studies define a tie between users based on statistics from the sequence data and use social network analysis to answer a specific structural research questions (Keegan et al., 2015) (Van Der Aalst et al., 2005) (Jurgens and Lu, 2012) . here are some studies that take account of temporal features in the data, however they do not specifically investigate sequence of action (Eagle and Pentland, 2009) (Wang et al., 2015) . However, I express the behavior of an individual in terms of the frequent temporal sub sequence of actions they perform. There has been a lot of recent interest in analyzing temporal sequences of behavior. Wang et al. (Wang et al., 2016) built an unsupervised system to identify the dominating user behaviors in online social networks. Using event log data of users actions in two social networks they created sequences of temporal behavior and leveraged iterative feature pruning to hierarchically cluster similar users together. Each parent cluster is further divided to different children clusters by using only the discriminative features(behavioral motifs) and excluding common features from the parent cluster. They also designed a visualization tool that allows users to analyze the clusters in a exploratory manner. A hierarchical analysis of similar users is a strength of their work as it provides a categorization of behaviors in multiple levels of granularity. They run experiments and show that their clustering method works better than baselines which are k-means and hierarchical clustering algorithm. However, Unlike their work I take temporal variations in the frequency of different behavioral motifs into account by analyzing behavioral motifs as the network is evolving. Furthermore, the networks they consider are commercial large scale social networks that people have been using for a few years before the start of their study. The dataset I using has the communication data between people since the inception of the network. Moreover, in my problem I am pushing limits of sequence analysis in that the events I consider are not diverse by taking into account only joining the network and sending and receiving messages. Keegan et al. (Keegan et al., 2015) demonstrated the potential of mixed methods of analysis for investigating sequence of editing behavior in online knowledge collaborations. They review the literature on online knowledge collaboration and sequence analysis and provide a framework for analysis of sequences in online communities. They argue that analyzing log data using established methods in natural language processing and bioinformatics can provide insights that can answer various kinds of research questions inspired by dynamics of online communities. Moreover, they provide a use case of their framework by analyzing sequence of editing behavior in Wikipedia. They analyze the prevalence and significance of different sequence of editing patterns and empirically assign semantic intuitions to various observed patterns. They capture the strength of sequence methods in analyzing behavioral data and provide a comprehensive framework for formulating similar problems. Unlike my work, they don't specifically consider temporal differences between different events and encode the interval between events by including the temporal data in representation of events. They don't provide a further investigation of how users with different patterns of behavior can be similar or different in the behavior space.
Network Evolution
There is a large body of research on how social networks form and how they evolve (Kossinets and Watts, 2006) . Most of these works focus on how the structure of the network changes as the network is evolving. Leskovec et al. (Leskovec et al., 2007) show that in a variety of networks having structural and dynamic similarities to social networks, as the number of nodes increase, the number of edges increase superlinearly and the diameter of the network decreases. They show that the graph generator methods didn't capture this property and they provide a new model for graph evolution that correctly incorporates the observed dynamics of evolving networks. Panzarasa et al. (Panzarasa et al., 2009 ) conduct a study on the college message data set used in the present study and investigate the degree to which popularity and gregariousness changes among the users as well as structural properties of the network investigated since the inception of the online community under study. Unlike previous studies in network evolution, I consider the variations of behavior in fine grained level by investigating the temporal sequences and the correlation of the patterns observed with the social status of the members of the community.
User Influence and Centrality
Many methods and measures have been purposed for estimating a users' influence as well as their centrality in a social network (Rao et al., 2015 ) (Bakshy et al., 2011) . Definition of social influence largely varies in research literature depending on the type of social networks, context, and the structural and semantic information considered (see (Riquelme and González-Cantergiani, 2016) for a comprehensive survey on the topic). In this paper, I define social position as users' PageRank centrality (Page et al., 1998) as only structural information is available in the dataset, PageRank is a widely used measure of centrality, and it is rela- 
Sequence Analysis
There are various ways of modelling and analyzing sequence data. RNN-LSTM neural networks (Suhara et al., 2017) , HMM models (Banovic et al., 2016) , and k-gram models (Wang et al., 2016) are among the prominent methods used for modelling sequence data. Following the success of sequence methods in NLP and bio informatics, there has been interest in studying sequence of behavior in recent years (see (Xing et al., 2010) for a brief survey of sequence classification). In this paper, I adopt k-gram methodology to analyze sequences of user behavior because I believe with observing frequency of recurring sub sequences, i.e. k-grams, of behavior, it's possible to differentiate between individuals with different social positions and predict their PageRank values in the future.
Dataset
The dataset used in this study is the time stamped log of messages sent between users in a Facebooklike social network from an online community for students at University of California Irvine (Opsahl and Panzarasa). Every user that sent or received a message is included in the dataset and the total number of users are 1899. Number of messages sent by all the members of the community is 59,835. The data contains the message log between users of the network since the inception of the network and for the duration of more than 6 months. Apart from the message log between members, the time each member joined the network is also recorded in the dataset. As it can be seen in Figure 1 , the activity in the network dies after a few weeks. That's why I chose to consider in my analysis only the first twenty weeks in the lifetime of the online community.
Methodology

Networks
For calculating and tracking the values of PageRank for the members of the online community through time, I created weekly snapshots of the social network. Every reciprocated message between any two members of the community creates a new undirected tie between those members. Weekly PageRank values are computed for every user that has joined the network before that week utilizing the cumulative network snapshots created. Users that are not in the giant component (most of them have degree of zero) are not taken into consideration when calculating the PageRank values and behavioral sequences.
Behavioral Sequences
For each member of the online community behavioral sequences for each week are created. Sequences consist of events that happen with respect to users. There are three event types in my formulation of behavior: joining the network, sending a message, and receiving a message. In addition to event types, magnitude of time gaps between events are also captured. To make time gaps between the events discrete, time values are replaced with identifiers, representing a range of time values, i.e. buckets. Time gaps are mapped to four buckets: < 10min, [10min, 2hours), [2hours, 1day), ≥ 1day identified as A, B, C, D. For example, the sequence in Figure 2 would be translated into the following sequence: JASBSDRAS
Model
For the problem of predicting social positions of users given their behaviors, PageRank values for a specific target week are computed. Furthermore, the sequence of behavior for a specific duration under study is computed and converted to the representation specified in section 4.2. Then k-grams, i.e. frequent sub sequences of behavior with length k, and number of occurrence of each I used random forests classifier for the classification problem specified above and in the next section I will demonstrate that final PageRank values can be predicted with mean absolute error of 0.49.
Experiments
Before moving on to the main contribution of this work, which is forecasting PageRank values, I present several experiments conducted in order to highlighting the correlation of social status with users' behavior in the online community. This experiments underscore the varying nature of social position as well as behavioral traits of different users as the social network is evolving through time, while in the same time portraying that users with different degrees of social position exhibit distinguishable behavioral attributes.
Joining Behavior
Here I investigate how users' final social position, i.e. their PageRank value after the duration of study, is distributed based on their joining date. As it can be seen in Figure 3 , there's a tendency for people who join early to have higher PageRank values at the end of the duration of study. Spearman correlation is −0.26 which indicates a small correlation (p − value < 0.001). This result suggests that there's possibility of presence of cumulative advantage effect in acquiring social position in this online social network. Note that the result here also suggests distinguished joining behavior for people with different levels of social position and helps answering the main research question at least in terms of joining behavior.
Receiving New Messages
In this section, I will investigate distribution of incoming new messages for people with different ranks of social status. Note that in the networks created, incoming new messages are considered as invitations, i.e. friend requests, for creating a new tie. That's why one can argue that the results here represent the probability of people with different social status receiving a request for a new tie.
As it can be seen in Figure 4 people that have higher ranks (lower numbers represent higher ranks) tend to receive more new messages. Note that this represents the total number of messages anyone has received and the ranking they had while they received the message. So each point on the plot shows the total number of messages each ranking position receives and since the network is Additionally, I calculated the Spearman correlation between weekly social position ranks and the number of new incoming messages for every user that has already joined the network in each particular week. Spearman correlation values are plotted for every week in the duration of study in Figure 5 . p − value < 0.001 for every week.
Both results suggest that users with high PageRank values tend to receive more new messages, i.e. friend requests. Further, users are more likely to message people with better social positions. Similar studies have proven this to be true for other structural measures of social position such as betweenness and closeness centrality (Abbasi et al., 2011) . Moreover, because users that have higher PageRank are receving more new messages, they 
Predicting and Forecasting Social Position
In this section, I present the results of predicting PageRank values based on behavioral information available as discussed in section 4.3. Thus, having created feature vectors for users representing their behavior in a specific period spanning one or more weeks in the duration of the study, as well as, M groups of PageRank values and determining each user's group, I proceed to predict the group to which a user belongs. I set M = 7 for the purpose of this experiments. Since the problem is classifying on ordinal targets, I measure performance in terms of mean absolute error, i.e. MAE, so that for example, falsely predicting some user to belong to group i+1 instead of their true group i is less punished by the evaluation algorithm than predicting their group to be i + 5. First, I compare the performance of different classification models for the task of predicting final PageRank value, i.e. PageRank value on week 20, given the whole history of behavioral log from inception of the network until week 20. The performance is represented in terms of mean absolute error obtained after running 8-fold cross validation. The results of this comparison can be seen in Table 1 . The Random Forest model with 500 estimators beats the performance of a Multi-layer perceptron model with 5 hidden layers and logistic regression.
This results confirms that it is possible to predict with high accuracy social position given behavioral sequences of members of the online community, proving that people with different levels of social position distinguish themselves in terms of (green) communication behavior. Notice that in many applications M may be chosen to be less than 7 and accurately predicting users' social positions may not be of concern. To further investigate I also experimented with M = 3 simulating a scenario when users are divided to three groups of highly influential, normal, and not influential, divided by their social status. I obtained Mean absolute error < 0.1 across variety of division policies.
I now turn to the problem of forecasting PageRank values. To determine if forecasting social position is possible from information early in the network, I create user behavioral feature vectors by using cumulative information since inception of a network up to a certain week and measure classification performance of the final PageRank values given the cumulative information.
The red plot in Figure 6 shows mean absolute error of classification with M = 7 and K = 3 under the random forest model mentioned above. As it can be seen in the plot, the MAE decreases rapidly even when the only information from early in the network's lifetime is available. The large drop in classification error early in time suggests that members communication behavior has high correlation with their social position in the future and that users with different levels of future social position can distinguish themselves by their early behavior.
To further investigate, the correlation of sequences of behavior with social position, I at- tempted to predict future PageRank values only exploiting information on frequency of k-grams without differentiating between different behavioral motifs, i.e. feature vectors are a number which is sum of all the elements of behavioral feature vectors used before. This represents a measure of activity without considering the importance of the order of events. As it can be seen in Figure 6 (the green plot), by losing information concerning the order of events in behavioral motifs, accuracy of the classification model suffers and MAE increases. However, I expected a larger decrease in accuracy due to importance of order in the behavioral sequences. I believe the reason the order of events are not stressed enough here is the limited scope of the events possible. As you recall, there are only three events in the communication network. I suspect the effects of losing information on sequence order would hurt the accuracy more in an online environment where various types of events and interactions between users are present as it is the case in online social media nowadays (Wang et al., 2016) .
To further study the power of sequence models, I modified the length of behavioral motifs. Figure  7 shows the mean absolute error for different values of k, i.e. the length of behavioral motifs. The optimal value of k is 3. As k gets smaller the focus on sequential nature of the data is reduced. For instance, when k = 1 the model only considers the frequency of sending and receiving messages. This confirms my previous result, by stressing the importance of order in sequences rather than only considering the magnitude of activity for distin- Lastly, I studied the correlations of different kgrams (with k = 3) with social position. By identifying the most important 3-grams in that provide the most information when predicting social position. A popular method for analyzing feature importance is to directly measure the impact of each feature on error or accuracy of the classification algorithm. The idea is to perturb the values of every feature and measure the degree to which this permutation decreases the accuracy of the model. The features are the frequency of occurrence of each behavioral motif. Thus, the extent to which perturbing a feature will increase the error in classifying the social position of individuals is highly representative of how that feature can describe the relationship between user behavior and social position. I perturbed the values of each feature by shuffling the values for that feature in the test set and computed the mean increase in mean absolute error across 25 random splits of training and test data for predicting PageRank values based on the whole observed history via the best performing random forest algorithm discussed in section 5.3. As it has been illustrated in Figure 8 , some behavioral features such as SAS and RCS are highly indicative of users' social position whereas some are not indicative at all (e.g. sequences starting with J are not indicative because everyone in the network joins once and the sequence observed only once is of little value). Interestingly, performance of the algorithm does not suffer much if a few variables are perturbed. For instance, It can be seen that perturbing the most indicative feature increases the error by 20% (which is a small number considering the classification error for 8-fold cross validation was 0.49). I suspect the reason is that all features are contributing to identifying users with different levels of PageRank and we cannot point to a small set of features (3-gram frequencies) to explain user behavior and PageRank. In fact, this confirms my intuition that behavior expressed in terms of frequency of various behavioral motifs can better describe user social position rather than observing a specific behavior or aggregation of behavioral statistics.
Discussion
In this paper, I set out to discover if a user's behavior in a communication network has correlation with their social position. Behavior was considered as the number of frequent behavioral motifs and social position was represented as users' PageRank values on networks of communication constructed. Three important discoveries were made. First, I discovered that users with high social positions have a better chance of maintaining and increasing their social positions. Users who join early and have spent more time in the network can tend to have a better social position and users that have better social positions received larger number of incoming new messages, i.e. friend requests, that will enable them to increase their connectivity and in turn, their social position. Since PageRank is essentially a ranking between users and a shared resource between members of a community, traditional definitions of cumulative advantage cannot be applied in this case. Even so, the observations are consistent with effects of cumulative advantage.
Second, users with various levels of social status are distinguishable by their behavior. In fact, the most important discovery of this work is that users' behavioral traits are a good indication of their future social status in the network. I have shown that it is possible to classify users in different social position groups in the future based on their behavior early in the online community's lifetime. I believe this finding can lead to better understanding of users' behavior and how dynamics of online behavior can relate to influence or prominence among members of an online communities. In larger context, the applications of identifying influential users in a community are abundant. Identifying key players in a market, leaders of a criminal network, and eminent members of a political or academic organization are a few examples of such applications. Additionally, PageRank is a widely used method of determining importance of entities in a networks prevalent in nature and human artifacts. Thus, The observations here may also hold true outside of the social context, for instance, by considering interaction between entities in biological networks, webpages, cellular networks and internet, etc.
Finally, I have highlighted the importance of order and time in analyzing user behavior. It is shown that social position can be better predicted by taking into account the sequential and temporal nature of the data. Recently, there has been a large interest in the research community for proposing methods that maximize the amount of information captured in the modelling of sequence date. Following the success of sequence methods in bioinformatics and NLP, here I have presented the power of sequence methods in capturing behavioral information. As I have shown here, by omitting the sequential nature of the data in modelling of a problem, useful information may be lost which may reduce the effectiveness of the methods used.
Limitations and Future Work
In this paper, I have shown that the by utilizing the power of sequence modelling, user behavior and social position in online communities can be better understood, however, the proposed methodology has some limitations.
Activity in the online social network under study dies after twenty weeks which limits the duration of study and stability of the results for longer periods. In addition, the largest amount of activity happens in the first weeks since the online community is established and one cannot deduce whether the observations presented here, were mostly due to high activity or the amount of time passed since network's inception. Even so, the results are still significant by demonstrating how early behavior can convey information about future social position in a community. However, investigation on networks that reach a level of stability in activity magnitude and studies over longer periods are required to validate the results of this study in the general case.
Furthermore, there are more powerful methods of modelling sequences that can represent longer time dependencies and directly incorporate the temporal and sequential nature of log data. The focus here was to show the importance of behavior sequences by using k-gram models, however, utilizing more powerful methods of sequence modelling may lead to more accurate representation of users in terms of their communication behavior. Exploration of these methods are left for future research.
Lastly, the observations of this study are compatible with the effects of cumulative advantage for social position in a social network. However, since traditional definitions of cumulative advantage cannot be applied to variation in users' PageRank values, I have provided indirect evidence of a presence of a dynamic that enables higher ranked users to have a better chance of maintaining and increasing their status in the online community. Further empirical investigations of how PageRank and in general social status vary through time for evolving networks comprised of members with different levels of social status are required to better explain the results obtained here.
